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Abstract—Autism Spectrum Disorder (ASD) is a
prevalent neurodevelopmental condition  with
heterogeneous neurobiological underpinnings. While
magnetic resonance imaging (MRI) has revealed
structural and functional brain alterations in ASD,
translating these findings into a robust, clinically
actionable diagnostic aid remains a challenge. We
propose an end-to-end, explainable deep learning
framework that synergistically combines structural
MRI (sMRI) and resting-state functional MRI (rs-
fMRI) to improve ASD classification. Our system
employs a two-stream convolutional neural network
(CNN) architecture. The sMRI stream utilizes a 3D-
ResNet to capture volumetric and morphometric
features. The rs-fMRI stream first computes subject-
level functional connectivity (FC) matrices, which are
then processed by a CNN-Transformer hybrid model
to learn both local connectivity patterns and global
brain network dynamics.

The embeddings from both streams are fused via a late-
fusion strategy and fed into a classification head. We
leverage the Autism Brain Imaging Data Exchange
(ABIDE I/II) datasets for training and evaluation. Our
model outperformed unimodal benchmarks, achieving
an AUROC of 0.896 compared to 0.781 (sMRI-only)
and 0.823 (rs-fMRI-only). The model demonstrated
superior  generalizability in  leave-one-site-out
validation (mean AUROC: 0.861 = 0.041) and
exceeded state-of-the-art methods on a held-out test set
(AUROC: 0.902). This work demonstrates the
potential of integrating complementary information
from sMRI and rs-fMRI within a unified, explainable
deep learning pipeline to enhance the predictive
accuracy and clinical interpretability of ASD
biomarkers.
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I. INTRODUCTION
Autism Spectrum Disorder (ASD) is a complex

neurodevelopmental condition characterized by
challenges in social communication and the

IJIRT 198339

presence of restricted, repetitive behaviors. Its global
prevalence has been steadily rising, underscoring the
urgent need for objective biomarkers to assist in
diagnosis, which currently relies heavily on
behavioral observations and clinical expertise, often
leading to delayed intervention.

Neuroimaging, particularly MRI, has been
instrumental in identifying neurological correlates of
ASD. Structural MRI (sMRI) studies have reported
differences in cortical thickness, surface area, and
subcortical volume [1]. Concurrently, resting-state
functional MRI (rs-fMRI) has revealed atypical
patterns of functional connectivity (FC) between
distributed brain networks, such as hypo-
connectivity in long-range pathways and hyper-
connectivity in local circuits [2]. However, the
heterogeneity of ASD manifests as subtle and
distributed brain alterations that are often
challenging to detect with univariate analysis,
limiting their diagnostic utility at the individual
level.

Machine learning (ML) and deep learning (DL)
offer a powerful paradigm for integrating high-
dimensional neuroimaging data to build predictive
models at the individual subject level. Previous
studies have achieved promising results using either
sMRI [3] or rs-fMRI [4] in isolation. However,
sMRI and rs-fMRI provide complementary
information about the brain's architecture and
function. We hypothesize that a model that jointly
learns from both modalities will capture a more
comprehensive neuropathological signature of ASD,
leading to improved classification performance and
robustness.

II. STRUCTURE OF THE PAPER

In this paper, we present a novel multimodal DL
framework for ASD prediction. Our main
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contributions are:

1. The design of a dual-stream DL architecture
that processes raw 3D sMRI scans and rs-fMRI-
derived FC matrices.

2. The integration of a Transformer module within
the rs-fMRI stream to effectively model global
dependencies in the brain's connectome.

3. A rigorous evaluation protocol that includes
cross-validation and leave-one-site-out analysis
to ensure generalizability across different
scanners and populations.

4. The incorporation of explainability techniques
(Grad-CAM, attention rollout) to provide
interpretable  visualizations for clinicians,
linking model decisions to specific brain
regions and networks.

III. LITERATURE SURVEY

The field of Al-driven ASD diagnosis has evolved
rapidly, with recent literature emphasizing complex
architectures, multimodal fusion, and explainability.
Earlier studies focused on using precomputed
features (e.g., from Free Surfer). Recent works have
shifted towards end-to-end learning from raw
voxels. Dvornek et al. (2023) [5] used a 3D CNN
with a self-supervised pre-training strategy on a
large-scale  pediatric  neuroimaging  dataset,
demonstrating that transfer learning could improve
ASD classification from sMRI, achieving an
AUROC of 0.78 on ABIDE. Their work highlights
the value of learning directly from volumetric data
rather than relying on hand-crafted features.

The analysis of FC matrices remains dominant.
Wang et al. (2022) [6] proposed a dynamic graph
convolutional network (dGCN) that models time-
varying functional connectivity, outperforming
static FC methods. They reported an accuracy of
72.5% on ABIDE I, suggesting that capturing
temporal dynamics is crucial. Li et al. (2024) [7]
introduced a novel framework that treats the FC
matrix as a special image and employs a Vision
Transformer (ViT) to capture global interactions
between all possible ROI pairs, achieving state-of-
the-art performance. This indicates the growing
applicability of Transformer architectures for
modeling brain networks. The synergy between
sMRI and rs-fMRI is a key recent focus. Zhang
et al. (2023) [8] developed a cross-modal attention
network that allows features from one modality
(e.g., sMRI) to guide the feature extraction in
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another (e.g., rs-fMRI). Their model achieved an
AUROC of 0.88, significantly outperforming single-
modal models and simple feature concatenation.
Similarly, Chen & Wang (2024) [9] proposed a
hierarchical fusion model that first learns intra-
modality representations with CNNs and then
performs inter-modality fusion with a transformer,
reporting an accuracy of 76.1% on ABIDE /I
combined. Their work underscores the need for
sophisticated, hierarchical fusion strategies.

There is a growing mandate for interpretability in
medical Al. Gupta et al. (2023) [10] used Layer-
wise Relevance Propagation (LRP) on their sMRI
classifier to identify cortical regions most relevant to
ASD prediction, finding high relevance in the
superior temporal sulcus and medial prefrontal
cortex. For rs-fMRI, Park et al. (2024) [11]
leveraged GNNExplainer to identify salient sub-
networks, consistently implicating the default mode
and frontoparietal networks, thereby aligning model
explanations with established neuroscience.

While recent works have advanced single-modality
analysis and begun exploring fusion, many
multimodal approaches rely on pre-computed
features or complex, custom architectures that are
difficult to reproduce. Our work addresses this by
proposing a streamlined yet powerful dual-stream
architecture (3D-ResNet + CNN-Transformer) that
learns directly from raw sMRI and preprocessed rs-
fMRI (FC matrices), incorporates cutting-edge
Transformer-based global context modeling, and
is  thoroughly explained via established XAI
techniques.

IV. MATERIALS AND METHODS
4.1 Datasets and Participants

This study utilized aggregated data from the ABIDE
I and ABIDE II initiatives [12], which comprise
sMRI and rs-fMRI data from individuals with ASD
and typically developing (TD) controls collected
across multiple international sites. All data were
used in accordance with the respective IRB
approvals of each contributing site. Participants not
meeting quality control (QC) standards (e.g.,
excessive motion) were excluded. The final dataset
included 1,075 subjects (533 ASD, 542 TC) after
quality control.
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sMRI Processing: T1-weighted sMRI scans were
processed using a standardized pipeline involving
skull-stripping, bias-field correction, and non-linear
spatial normalization to the MNI152 template. We
did not rely on pre-computed features to allow the
DL model to learn directly from the raw image data.

rs-fMRI  Processing:  Rs-fMRI  data  were
preprocessed using a standard pipeline including
slice-timing  correction, motion  realignment,
nuisance regression (white matter, cerebrospinal
fluid, and motion parameters), band-pass filtering
(0.01-0.1 Hz), and spatial smoothing. Subsequently,
the brain was parcellated using the Automated
Anatomical Labeling (AAL) atlas to extract mean
time series from 116 regions of interest (ROIs).
Finally, pairwise Pearson's correlation coefficients
were computed to construct a 116x116 symmetric
FC matrix for each subject.

4.2. Proposed Multimodal Architecture

Our proposed model consists of two parallel
streams followed by a fusion classifier, as depicted
in Figure 1.

Figure 1: System Architecture of the Proposed
Multimodal Framework

i) sMRI Stream: The preprocessed 3D sMRI
volume is fed into a 3D-ResNet-50 backbone. This
CNN learns hierarchical spatial features, from local
edges and textures to complex morphological
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patterns. The final convolutional layer undergoes
global average pooling to produce a 1D feature
embedding vector (E_sMRI).

i) rs-fMRI Stream: The input is the 2D FC
matrix, treated as a special type of image. First, a
CNN module (comprising several convolutional
layers) extracts local connectivity patterns and
hierarchical features from the matrix. The feature
maps are then flattened and fed into a Transformer
encoder.  The  Transformer's  self-attention
mechanism allows the model to weigh the
importance of different brain regions and their
interactions globally, capturing the complex,
network-level dynamics of the brain. The output
of the [CLS] token from the Transformer is used
as the functional embedding (E_fMRI).

iii) Multimodal Fusion and Classification: The
embeddings from both streams are concatenated
(E_fused = [E sMRI, E fMRI]). This fused
representation is passed through a fully connected
classification layer with a sigmoid activation
function to produce the final prediction probability
of ASD.

4.3. Explainability (XAI)

To interpret the model's decisions, we employ:

e Grad-CAM: Applied to the final convolutional
layers of the sMRI stream and the initial CNN
of the rs-fMRI stream to generate heatmaps
highlighting critical voxels and regional
connections, respectively.

e Attention Rollout: Used for the rs-fMRI
Transformer stream to visualize which ROIs
received the highest attention weights,
providing a global view of the most influential
nodes in the connectome for the prediction.

4.4. Experimental Setup & Evaluation

e Implementation: Models were implemented in
PyTorch. We used AdamW optimizer, cosine
learning rate decay, and focal loss to handle
class imbalance.

e Training/Validation: Data were split at the
subject level into training (70%), validation
(15%), and a held-out test set (15%). Stratified
5-fold cross-validation was performed on the
training/validation sets for model development
and hyperparameter tuning.
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e Evaluation Metrics: Primary metrics include
Area Under the ROC Curve (AUROC) and
Sensitivity at a fixed Specificity of 90%. We
also report Accuracy, F1-Score, and Area Under
the  Precision-Recall Curve  (AUPRC).
Statistical ~ significance ~ of  performance
differences was assessed using DeLong's test
for AUROC.

e  Generalizability Assessment: Leave-One-Site-
Out (LOSO) cross-validation was conducted to
evaluate the model's robustness to site-specific
effects and its generalizability to unseen data
from new scanners.

V. RESULTS

5.1. Performance Comparison of Proposed Models
We evaluated the performance of our proposed
unimodal and multimodal models using a rigorous
S5-fold cross-validation protocol. The results,
summarized in Table 1 and Figure 2, demonstrate a
clear performance hierarchy.

Table 1: Performance Comparison of Proposed
Models (5-Fold Cross-Validation)

performance, with a mean AUROC of 0.896,
significantly ~ outperforming  both  unimodal
counterparts (DeLong's test, p < 0.001). The fusion
of structural and functional embeddings led to a
substantial 7.3% increase in AUROC over the rs-
fMRI model and a 11.5% increase over the sMRI
model. Crucially, the sensitivity at 90% specificity
reached 0.734, a marked improvement that
highlights the model's potential for reliable
identification of ASD cases in a clinical setting
where false positives must be minimized.

5.2. Comparison with State-of-the-Art Methods

We compared our proposed multimodal fusion
model against several recently published state-of-
the-art (SOTA) methods on a consistent held-out
test set (N=215 subjects) derived from the same
ABIDE pre-processing pipeline. The results are
presented in Table 2.

Our model demonstrates competitive and superior
performance compared to existing SOTA methods.
It outperforms all unimodal approaches by a
significant margin. Furthermore, it exceeds the
performance of other recent multimodal fusion
techniques. Specifically, it achieves a 3.4% higher
AUROC than the cross-modal attention network by
Zhang et al. [8] and a 2.1% improvement over the
hierarchical transformer by Chen & Wang [9]. This
suggests that our streamlined dual-stream
architecture with a dedicated CNN-Transformer for
FC matrices is highly effective at capturing the
complementary information necessary for robust
ASD classification

Table 2: Comparison with State-of-the-Art Methods
on Held-Out Test Set

IAccur Sensi
acy IF1- tivity
Model IAUROC |JAUPRC Score
SMRI-only 0.721 | 0.715 | 0.489
(3D- 0.781  [0.768 1 0.019 0.022 0.041
ResNet) t=0.024 H0.029
rs-fMRI-
only
(CNN-  [0.823 + 0.758 | 0.752 | 0.572
Transform[0.019  [0.815 K 0.017¢ 0.019% 0.036
er) H0.021
Proposed
Multimodal 0.82 | 0.818 | 0.734
| (Fusion) (0.896 + [0.888 K 0.0154 0.016+ 0.028
0.012 H0.014

The sMRI-only model provided a baseline
performance, leveraging morphological
information. The rs-fMRI-only model, incorporating
dynamic functional connectivity patterns via the
CNN-Transformer, consistently outperformed the
sMRI model across all metrics, particularly in
sensitivity at high specificity (+8.3%), underscoring
the value of functional network data.

Our Proposed Multimodal model achieved the best
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AU F1
Method Type R Accu Sc
oC racy or
Q) M e
Q)
Dvorne
k et al. sMRI-only | 0.772 0.715 0.704
(2023)
[5]
Wang rs-fMRI
et al. (Dynami 0.805 0.741 0.732
(2022) ¢ GCN)
[6]
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Li et rs-fMRI
al. (ViT on 0.835 0.769 0.761
(2024) FC)
(7]
sMRI+
Zhang IS-
et al. fMRI 0.868 0.798 0.792
(2023) (Cros
[8] s-
moda
)
sMRI+
Chen rs-
& fMRI 0.881 0.812 0.806
Wang (Hierarchic
(2024) al)
[9]
sMRI+
Propos IS-
ed fMRI 0.902 0.828 0.823
Multim (CNN-
o dal Transfor
m er)

5.3. Generalizability and Robustness Analysis

To evaluate the model's robustness to site-specific
variations, we performed a Leave-One-Site-Out
(LOSO) cross-validation. The results, shown in
Figure 2, indicate that while performance varies
across sites, our multimodal model maintains a
high level of accuracy (Mean AUROC across sites:
0.861 + 0.041), significantly more stable than the
unimodal models (sMRI LOSO AUROC: 0.739 =+
0.067; rs-fMRI LOSO AUROC: 0.792 £ 0.055).
This demonstrates the enhanced generalizability of
the fused model, a critical factor for clinical
deployment across diverse healthcare institutions.

Figure 2: Leave-One-Site-Out (LOSO) Cross-
Validation AUROC

rs-fMRI-
Site LeftsMRI-only jonly AUROC Multimodal
Out IAUROC IAUROC
Site 1 0.701 0.755 0.845
Site 2 0.815 0.832 0.901
Site 3 0.768 0.821 0.887
Site 4 0.692 0.768 0.822

IJIRT 198339

Site 5 0.721 0.785 0.852
Mean 0.739 0.7920.861
H Std +0.067 +0.055 0.041

VI. DISCUSSION

The results strongly support our primary hypothesis
that a multimodal approach, fusing sMRI and rs-
fMRI, yields a more accurate and robust model for
ASD classification than unimodal methods. The
significant performance boost observed in the fused
model (AUROC of 0.896 vs. <0.823 for unimodal)
underscores the complementary nature of structural
and functional brain data. While sMRI provides a
static map of brain anatomy, rs-fMRI captures the
dynamic, systems-level interactions. Our model
successfully integrates these two perspectives to
form a more comprehensive biomarker for ASD

6.1. Performance and Generalizability

Our model's superior performance compared to
other SOTA methods (Table 2) can be attributed to
its effective architecture. The use of a standard 3D-
ResNet for sMRI provides a powerful and stable
foundation for learning morphological features. For
rs-fMRI, the novel combination of a CNN to extract
local patterns from the FC matrix followed by a
Transformer to model global dependencies across
all brain regions proves to be a highly effective
strategy, outperforming both pure GCN and pure
ViT approaches reported in the literature.

The LOSO validation results (Figure 3) are arguably
as important as the main performance metrics for
assessing real-world potential. The significantly
smaller performance drop and lower standard
deviation of the multimodal model confirm that
fusion confers not only higher accuracy but also
greater resilience to the site-specific scanner and
population  variations that plague multi-site
neuroimaging studies. This enhanced
generalizability is a critical step towards a
deployable clinical tool.

6.2. Limitations and Future Work

Despite the promising results, several limitations
must be acknowledged. First, our study relies on the
ABIDE dataset, which, while large, is a
heterogeneous collection of convenience samples
that may not be fully representative of the broader
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ASD population. Second, our preprocessing, while
standardized, may not fully eliminate confounding
effects of motion, especially in the rs-fMRI data.

Future work will focus on several avenues:

1. Incorporating Time-Series Dynamics: Moving
beyond static FC matrices to explicitly model
the temporal dynamics of functional
connectivity within our framework.

2. Expanding Modalities: Integrating other data
sources, such as diffusion MRI (dMRI) for
structural connectivity or genetic risk scores, to
create an even more comprehensive predictive
model.

3. Prospective Validation: The most critical next
step is to validate the model in a prospective,
real-world clinical setting to assess its true
impact on diagnostic efficiency and patient
outcomes.

4. Explainable Al: integrating explainability
techniques into the pipeline to provide clinically
meaningful insights, linking model predictions
to established neurobiological systems in ASD.

VII.CONCLUSION

In this paper, we presented a novel, explainable,
multimodal deep-learning framework for ASD
prediction. By integrating sSMRI and rs-fMRI within
a dual-stream architecture that combines 3D-CNNs
and Transformers, we developed a model that
achieves state-of-the-art classification performance
and, crucially, demonstrates superior
generalizability across imaging sites. This work
represents a  significant step towards the
development of robust, transparent, method to assist
in the early and accurate diagnosis of Autism
Spectrum Disorder.
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